Abstract-Cardiovascular disease is one of the leading causes of death worldwide. Epicardial adipose tissue (EAT) has emerged as an independent predictor of high cardiometabolic risk. Cardiovascular MRI has proven to be a feasible and reproducible method to assess EAT quantitatively.
I. INTRODUCTION
Cardiovascular disease is one of the leading causes of death worldwide. Several studies have shown a direct correlation between the Epicardial Adipose Tissue (EAT) and the risk of developing cardiovascular and metabolic diseases [1] , such as atherosclerosis and atrial fibrillation. EAT is located between the myocardial and visceral pericardial and it is highly correlated with coronary artery disease, metabolic syndrome, insulin resistance and changes in the mass, as well as the functioning of the left ventricle [2] . EAT covers 80% of the heart's surface, and represents the 20% of its corresponding weight. It can be found along the coronary arteries, as well as the right ventricle (especially on the right edge, the forepart and the apex). Recently, EAT has emerged as an independent predictor of high cardiometabolic risk [3] .
As echocardiography is affordable and easily available, it is the most common imaging technique to quantify EAT [4] . Nevertheless, it is limited by the variability in image quality, due to the difficulty of finding an optimal acquisition window, mainly in obese patients. To avoid this caveat, other imaging techniques, such as Computed Tomography (CT) and Magnetic Resonance (MR), are currently used to quantify the EAT. CT provides high quality images for EAT This work has been partially funded by project TEC2012-39095-C03-01, and of the Spanish Ministry of Economy and Competiveness and projects PI09/0871 and PI09/2428 of Carlos III Health Institutequantification; however, it implies ionizing radiation, which constrains the number of studies that can be performed on the same patient. On the other hand, Cardiovascular Magnetic Resonance (CMR) imaging has proven to be a feasible and reproducible method to assess EAT quantitatively and has been established as the gold standard for the EAT quantification [5] .
Quantification of EAT has usually been performed by manual segmentation. However, this process is not only time consuming, but also subject to interobserver variability. Several approaches have been published in CT images [6] , [7] , but no attempt to quantification in CMR has been published. The main reason is the difficulty associated to the localization of the pericardium in CMR images, since usually it is not clearly visible (it is hardly visible as a very thin line, blurred due to partial volume effect). An cardiac MR image with the different parts of the heart can be seen in Figure 1 .
Hence, the aim of this work is to extent our previous work [8] , developing an automated method for quantification of EAT using "a priori" anatomical information. Additionally, we propose a novel normalised measure, the ratio between EAT and cardiac muscle volume, allowing to stratify relative cardiometabolic patient risk.
II. THEORY
Before explaining the proposed method, let us introduce its corresponding main building blocks, which are Gradient Vector Flow (GVF) snake, Law's Texture Filter and K-cosine curvature.
A. GVF Snake
Snakes or active contours [9] , are computer-generated curves defined within an image domain used to find object boundaries. It is an energy-minimizing spline guided by external constraint forces and influenced by image forces that pull it toward features such as lines and edges. GVF snake [10] is an extension of the well-known snake method. The GVF is defined as the vector field g(x, y) = (u(x, y), v(x, y)) that minimizes the following energy functional:
This is a variational formulation of regularization, where ∇ is the gradient operator and f is an edge map. The µ parameter is the regularizing parameter which adjusts the tradeoff between the first and second terms of the integrand and is set according to the level of noise present in the image. The difference between traditional snakes and GVF snakes lies in that the latter converges to boundary concavities and they do not need to be initialized close to the boundary.
B. Law's Texture Filter
The texture of an image can provide information about the spatial pattern of intensities in the image. Two main approaches are used in the literature to define a texture: the structural and the statistical approaches. The first one is suitable for regular patterns and the second one is a more general approach. Laws [11] developed a spatialstatistical approach based on the texture-energy that measures the amount of variation within a fixed-size window (which depends on the class of the image), being able to detect various types of texture. Convolution masks of 5x5 or 3x3 are used to compute the energy of the texture. The 1D masks vectors are:
Ripple) The 2D convolution masks are obtained by computing outer products of pairs of 1D masks. Let F k [i, j] be the result of filtering with the kth mask at pixel [i,j] . Then, the texture energy map E k for filter k is defined by
which are combined and averaged to produce nine energy map images. These texture attributes can be used to cluster an image into regions of uniform texture.
C. K-cosine Curvature
Curvature is defined as the magnitude of the change rate of the slope of a surface. This concept has been widely employed in different applications such as shape representation, feature extraction, corner detection and object recognition. Several different numeric curvature estimation approaches have been discussed. One of them was proposed by Rosenfeld and Johnston [12] , in which curvature was defined as a K-cosine function, where K denotes a region of support on the boundary. As in defined in [13] , given an object whose boundary is defined by S = P i |i = 1, 2, 3, ..., m, the curvature (K-cosine) of each boundary point P i is defined as
where a i (K) and b i (K) are vectors for a given pixel P i . K represents a region of support that is the number of pixels between the starting and ending points of a given boundary point. The K-cosine contains the curvature information such that
• , implying the corresponding point is on a sharp angle. Thus, when c i (K) is far from -1, then a i (K) and b i (K) are in two different segments of which point P i is a corner point. One of the drawbacks of this method, is to determine a suitable K value in practice. Small K-values make the curvature noisy due to digitization, whereas large values lose the relevant information of points within the K-pixel area.
III. MATERIAL AND METHODS

A. Data Acquisition
This study was validated on ten morbidly obese patients, without preexisting heart condition, (8 women, 2 men, age range: 38-58y, mean IMC: 46.38 5.41Kg/m2). All images were acquired on a 1.5T Signa HDxt MR scanner (GE Healthcare, Waukesha, WI) using an eight-element phasedarray surface cardiac coil and vector cardiographic gating. Scout images from the vertical long axis and four chamber and a stack of 2D short-axis SSFP cine (TR/TE/flip angle: 3.37ms/1.48ms/45
• ; temporal resolution: 20 ms; voxel size: 1.72 x 1.72 x 8 mm; interslice gap: 2 mm; matrix size: 256 x 256; 10-12 slices covering from the apex to mitral valve, 20 images per cycle) were acquired during repeated endexpiratory breath-holds.
B. Preprocessing
Gray level-based image processing algorithms, such as segmentation or texture analysis, need a preprocessing step to correct the bias field signal to obtain accurate results. Signal intensity bias fields are the result of the spatial nonuniformity of the receiver coil. This artefact blurs edges and contours, and also changes the gray level distribution of the same tissue. It is especially present in obese patients, where due to his weight, the non-uniformity of the receiver coil is more pronounced. In this work, image preprocessing was carried out by applying a nonparametric non-uniform intensity normalization algorithm [14] to every 2D short-axis image.
C. Quantification algorithm
An anisotropic filter step is applied to reduce the noise, while enhancing the edges. Afterwards, a region of interest (ROI) in the end-diastolic phase is automatically delimited Fig. 2 . Quantification algorithm pipeline. Short-axis images in one cycle are intensity normalized and filtered to improve the quality of the images. Then, a ROI is obtained by adding the absolute value of differences between the first image and the rest of the images in that cycle. After that, a GVF-snake is applied to obtain smooth contours, obtaining the ROI1. Next, a Law's texture filter is applied to cluster the different regions in ROI1. Though the use of the scout views, a seed is automatically obtained in the left ventricle. Using spatial apriori information, left and right ventricles and also a first aproximation of EAT, are identified and subtracted from ROI1, obtaining the cardiac muscle (ROI2). In order to obtain the best EAT quantification, a Law's texture filter is applied in ROI1 to identify the pericardium. As Law's texture filter can not identify some pericardial regions, a K-cosine curvature analysis is applied, followed by a GVF-snake to smooth contours. Finally, volumes of each structure are computed.
in order to reduce the computational cost of the algorithm. The end-diastolic phase was defined as the middle image in the cycle, where the ventricles are more expanded.
SSFP cine images capture the movement of the heart along the time, being the heart and the adipose tissue around the heart the unique changing tissues in the images. Due to this fact, we can obtain the ROI, which includes the heart and the pericardial fat, by adding the absolute value of the differences between the first image with the rest to the images in the cycle. This process is performed for every slice. Then, since pericardium is represented as a smooth and circular contour, a GVF-snake algorithm is applied to the ROI (named ROI1) contour. This also allow to remove other cavities around the heart, like the diaphragm. This will be the ROI used in the rest of the steps in the algorithm.
In [15] , they conclude that Law's texture filter obtains the best performance in the discrimination of structures in CMRI. So, a Law's texture filter is applied as the next step to detect the epicardial and some pericardial adipose tissue (EPAT) and the endocardial boundary in the end-diastolic phase original image. The texture energy image is obtained by convolving the 2D kernel mask obtained by multiplying L5S5 and S5L5 masks and then, computing the statistical mean of 6 neighbors pixels per pixel. The resulting texture energy image is masked by the calculated ROI.
The left ventricle is identified and localized in the shortaxis slices using the intersection of the vertical long-axis and four chamber scout views. In the next stage, the right ventricle and EAT are localized using spatial "a priori" information. These locations are calculated one time per subject. Morphological operations (erosion, dilatation) are used to fill possible inhomogeneities in the heart and EPAT structures. At this point, a new ROI (named ROI2) is calculated through the subtraction of the ventricles and the EPAT from ROI1. Then, empirical histogram thresholding is applied to the ROI2 to extract and quantify the cardiac muscle.
To differentiate EAT from the pericardial tissue, the same previous Law's texture filter was applied to the ROI1, which allows a better detection of the pericardium. Since the pericardium can not be visualized in some areas, the texture filter is not able to totally separate both tissues. In consequence, since we assume that the curvature of EAT and muscle are going to be similar, a K-cosine curvature analysis is used to detect points where the heart muscle and the new extracted adipose tissue have a difference of 60
• in their curvatures, setting K=4. These values were obtained empirically.
Since the EAT contour is smooth and continuous, a GVFsnake algorithm is applied to the segmented EAT to obtain the final smooth segmentation. Finally, voxels of the EAT and the cardiac muscle masks are summed and multiplied by the voxel size, respectively, to obtain the volume of each structure. The pipeline of the process is shown in Figure 2 
IV. RESULTS
Only the four central short-axis images were chosen to be quantified in order to guarantee signal homogeneity across subjects and to avoid artifacts in extreme slices. Endocardial and epicardial boundaries for both ventricles, as well as the EAT, were manually delineated by an expert cardiologist, Fig. 3 . Comparison between manual segmentation (first row) and automated segmentation (second row) of four slices from the same subject. Blue contours correspond to the cardiac muscle, while red contours delimitate the epicardial fat. and used as a "gold standard" to appraise the quality of the proposed automated quantification. Since heart size varies from subject to subject, the ratio between the EAT volume and the myocardium was proposed as a new normalized measure of epicardial fat content. A paired Wilcoxon signed rank test was used to compare manual and automated ratios as well as absolute quantifications of EAT and cardiac muscle. Table I shows the mean±standard deviation results for the absolute value of cardiac muscle and EAT, in addition to the ratio for the ten patients. The paired Wilcoxon signed rank test provides no significant differences among the quantification methods. The manual delineation method takes 13 minutes for an expert cardiologist versus 5 minutes, approximately, for the automatic method.
V. CONCLUSIONS AND FUTURE WORK
In this work we have proposed a novel method for EAT segmentation and quantification in CMR images; to the best of our knowledge, this is the first automatic pipeline for this application. Results showed no significant differences between our method and manual delineation. Additionally, the proposed normalised measure, the ratio between EAT and cardiac muscle volume, has proved to be a robust index of valuable interest for clinical practice. Further work will include extending the method to more slices, covering the complete heart, and developing a complete Computer-Aided Diagnose (CAD) tool for cardiologists.
